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Abstract
Vehicle2Vehicle (V2V) is an emerging and fruitful area of research widely investigated in IoT and in the driverless setting, in
particular. It allows cars to establish ad-hoc networks to cooperate in order to share information and therefore improve the safety
of the drivers. A fundamental aspect in V2V is the positioning accuracy. While in several outdoor scenarios modern Global
Navigation Satellite Systems (GNSS) are suﬃciently precise, they are less reliable in indoor situations. This is undesirable as often
cars move from outdoor to indoor scenarios and vice versa (think for example to cars leaving a box, or entering a tunnel). For this
reason large research eﬀort has been recently devoted to integrate GNSS systems in order to improve indoor positioning accuracy.
In this paper we present Vehicle-2-Vehicle Elastic Network, a novel metodology that allows accurate vehicular indoor positioning
based on a dead-reckoning technique via an Indoor Inertial Navigation System, aided by an elastic graph generated by a V2V-WiFi
system. The received signal strength (RSS) from nearby cars is detected, and is used to improve the location via RSS-to distance
information crowdsourcing.
c© 2016 The Authors. Published by Elsevier B.V.
Peer-review under responsibility of the Conference Program Chairs.
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1. Introduction
The massive diﬀusion in the last decade of computational embedded-systems has contributed to the born of dy-
namic and powerful networks of physical devices aimed at collecting and exchanging data. These networks are well
known under the name of Internet of Things (IoT)1 2 3. A premier example that represents this concept is the Vehicle-
to-Vehicle (V2V) automotive technology4 5. This technology allows cars to establish ad-hoc networks to cooperate,
by providing informations about traﬃc and also allowing sensing and broadcasting of security warnings, like acci-
dents and road issues. Therefore such a service is very useful in several contexts and of fundamental importance in a
driverless setting6. Unfortunately, the use of V2V is, at the moment, quite unsatisfactory in practice. The main bot-
tleneck is the localization accuracy, which is not satisfactory in several common situations, and in particular in indoor
scenarios such as underground areas and urban canyons. Global Navigation Satellite Systems (GNSS), localization
systems based on satellites like GPS or GLONASS, are unreliable in these situations, and have therefore spurred the
researchers to spend large eﬀort in ﬁnding new and better localization systems. In particular, we mention:
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• Inertial Navigation Systems (INS). They use sensors like accelerometers, gyroscopes and compass to detect
user location via dead reckoning, the process of calculating a position by using a previously determined one;
• Wireless Positioning Systems (WPS). They use wireless sensors to detect the most probable user location in a
limited area using available networks informations stored in a database;
• GSM based positioning. They use cell towers to calculate a coarse user location, where precision is not
required (with errors up to 2km);
• Hybrid solutions. They may use more than one of the aforementioned techniques (GPS, Wireless, GSM and
INS) to obtain higher accuracy in diﬀerent contests.
Despite the big eﬀort made in improving outdoor/indoor car positioning systems based on GNSS, the result is
rather unsatisfactory in practice. Among the others a direction that seems promising is using an ad hoc combination
of a signiﬁcant variety of sensors with novel techniques. This paper gives a fresh idea to provide localization system
availability and precision improvement by casting in the GNSS localization system tools and techniques borrowed
from the elastic graph setting.
Elastic graphs are graphs in which the edges are able to alter their length with regards to some force applied on
the connected nodes. If, for instance, one node is subject to a pulling force in one direction, it may apply part of this
force to the adjacent nodes, which will then apply some of this remaining force to their adjacents and so on. Forces
may also apply directly on edges, propagating to connected nodes ﬁrst and then on their adjacents.
In this paper, we present Vehicle-2-Vehicle Elastic Network, a novel methodology which aims to allow better indoor
vehicular positioning. It uses an opportune combination of INS, an elastic graph isomorphism and Vehicle2Vehicle.
The proposed systems allows higher positioning accuracy where GPS is not available or reliable, like large indoor and
underground areas. We use received signal strength (RSS) from nearby cars to adjust the coarse location provided by
the INS system using the elastic graph, therefore reducing error and allowing better precision where GPS would be
unable to get a ﬁx. For sake of presentation, we evaluated our model on simpliﬁed indoor scenarios, with a particular
focus on calculations complexity.
Related works
Positioning and in particular GNSS and INS systems have received a lot of attention in the last years. Here we just
report few works that are close related to our studies.
Dejavu: an accurate Energy-Eﬃcient Outdoor Localization System7 is a system which use sensors to provide
accurate and energy-eﬃcient outdoor localization suitable for car navigation. The analysis shows that diﬀerent road
landmarks (like tunnels, bumps, bridges and so on) have an unique signature which can be used to reset the INS error.
Road signatures are crowdsourced and the system is able to automatically learn new landmarks to achieve higher
precision.
An inertial navigation system for inner-city ADAS 8 is an inertial navigation system designed to meet the require-
ments of inner-city driver assistance. It integrates informations from wheel speed sensors, from the steering wheel
and a INS unit. These data are then ﬁltered and used to determine relative positioning.
Seamless outdoor/indoor navigation with WIFI/GPS aided low cost inertial navigation system9 describes an inte-
grated navigation system that can be used for pedestrian navigation in outdoor and indoor enviroments. With the aid
of GPS an INS can provide stable and continuous outdoor navigation, while indoor WIFI is able to replace GPS in
order to maintain the integrated system, using signal-strength based positioning.
Outline
The rest of the paper is organized as follows. In section 2 we present V2V and IINS systems. In section 3 we
introduce the layout of the V2V-EN system and show how it allows better positioning. In section 4 we report a
validation of the described model. Finally in section 6 we report some conclusions and future work directions.
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Fig. 1. A single car starts from S and, up to T , it is outdoor and for lo-
calization it uses GPS metrics. Conversely from M to N it is indoor and
uses INS localization. The error in the outdoor area is upper-bounded,
while the indoor error radius grows over time.
Fig. 2. A set of vehicle coming from a GPS-covered area enters the
INS zone, each one switching the localization system at the entering
point. Moreover, localization errors are shown as a path buﬀer and
shared among the vehicles over the V2V network.
2. Vehicle2Vehicle and Indoor Inertial Navigation Systems
In this preliminary section we introduce the well-known concepts of Vehicle-2-Vehicle1 2 3 and Inertial navigation
system10 11 as two basic ingredients for the novel network framework we introduce in the next section.
Vehicle2Vehicle (V2V) systems are networks in which vehicles and roadside units are communicating nodes, pro-
viding each other with spatial and temporal informations regarding safety warnings and traﬃc notices. They use GPS
and a wireless LAN module to allow cars to communicate within a range of 100-to-1000 meters. Vehicles are there-
fore able to detect potential issues on the road and alert nearby users about incoming dangers and reduce the risk of
accidents.
Inertial navigation systems (INS) are localization systems which use accelerometers and gyroscopes to determine
the coarse location of a user via dead-reckoning, the process of calculating a position by using a previously determined
one or ﬁx and advancing that position based upon known speeds and heading. INS systems require no sky visibility,
and can therefore be used indoor (Indoor inertial navigation systems, or IINS) without issues, but progressively lose
reliability as their error grows over time (see Figure 1).
3. V2V-EN proposal
In this section we present Vehicle-2-Vehicle Elastic Network, a novel methodology which uses IINS and a V2V
mesh network to determine vehicle location in a indoor environment, using received signal strength (RSS) from
nearby cars and ﬁxed spots. Vehicles coming from an external area are then located using IINS, and are able to
provide relative indoor user location whether GPS would be unable to get a ﬁx (see Figure 2).
To estimate a better indoor position, we decided to look for an isomorphism with an elastic graph. The graph
is composed by all the vehicles in the area, which communicate via WiFi to determine their distance based on the
detected RSS.
In Figure 3, we can see multiple vehicles entering the INS area from points marked as (A0, B0 . . . ), moving inside
the area up to points (A, B, . . . ). RSS evaluated positions are marked as stars (A′, B′ . . . ) while their ﬁnal calculated
position (with V2V-EN system) is marked as (a′′, b′′ . . . ). INS-evaluated error is also shown as circles around the
original INS-evaluated location. F is a vehicle which starts from inside of the INS area (position F0), and then moves
up to F. F0 location can be user-selected on a map, or a coarse location based only on RSS signals from existing
vehicles (low accuracy).
Each node in the graph is subject to two diﬀerent kind of forces, one caused by the IINS, the other caused by the
RSS distance-estimations with nearby nodes.
3.1. IINS force
In the proposed network model, we assume that the inertial system is able to correctly evaluate his own error over
time, and that each monitored vehicle has an higher chance to be in the middle of the error area than on the outer
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Fig. 3. Vehicles that enter the area move around using INS, with error proportional with the time spent inside the INS area. When cars stop, they
establish a network with nearby vehicles to improve INS calculated location.
border. These assumptions allow us to determine a force FI which “pulls” the vehicle position toward the center, with
strength increasing with regards to the distance d from the error center. Going toward the outer border, the force grows
rapidly, allowing us to keep the vehicle inside the area determined by the error radius e. The vehicle will therefore






e−d+1 d ≤ e
∞ d > e (1)
3.2. RSS force
RSS forces are caused by the detected signal between each pair of nodes, and their estimated distance. We can
have three diﬀerent statuses:
• RSS calculated distance matches the one calculated via IINS: in this case no RSS force is applied;
• RSS calculated distance is shorter than the one calculated via IINS: in this case we have a pulling force which
tries to shorten the distance between nodes;
• RSS calculated distance is longer than the one calculated via IINS: in this case we have a pushing force which
tries to lengthen the distance between nodes.
RSS force module (FR) is therefore proportional to the diﬀerence between the two distances dR and dI multiplied
by an elastic coeﬃcient k. This force is applied on both nodes on a straight line between the centers.
FR =
(dR − dI) · k
2
(2)
The sum of all FR should never have its module higher than the maximum force appliable by the inertial system,
which in turn is
max
FI
= e for d = e (3)
assuming that for d > e we have FI → ∞. With the latter we ensure that the nodes will never fall out of the INS error
radius.
node synchronization
Fig. 4. Flowchart of the V2V-ENsystem
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Fig. 5. Elastic forces in graph reporting attraction between A and C
and repulsion between A and B. There is no FR between B and C. A′′,
B′′ and C′′ are, as in Figure 3, the points calculated after interaction.

Fig. 6. Calculation limit causes some connection to be managed by two
nodes in cooperation (solid lines). However, other nodes can establish
a single-sided connection (dashed lines) to evaluate RSS force.
3.3. System behavior
In Figure 5 we can see the forces described in the previous section. Edges between nodes may have arrows, which
represent attractive and repulsive forces. Over time, RSS signals may vary, causing inter-nodes forces to accordingly
change. Therefore, the network is always moving, looking for a more stable position, which in turn allows better node
positioning in space.
Using only the nodes relative RSSs, it is possible to build a distance matrix which only gives part of the picture: it
allows to determine relative distances between nodes but not their absolute position in space. However, intersecting
this distance matrix with the original INS positions makes it possible to limit rotations and translations to known
points, and therefore determine absolute nodes position in space.
3.4. Nodes responsibility
Each node is able to calculate his own inertial force FI based on elaborated position, beginning inertial position
and error. Nodes also cooperate with their adjacents to determine an average RSS signal over a small timeframe to
calculate the sum of all RSS forces FR appliable.
On each time frame, each node moves itself to a new estimated position in which applied forces are diﬀerent and
must be recalculated.
4. Model validation




n · (n − 1)
2
(4)
As the network grows, it rapidly becomes impossible to calculate each RSS interaction between all nodes couples,
as the complexity is O(n2) while the elements count is only n.
We decided to put an hard limit on how many edges a node can have, and therefore we only consider the nearest 5
elements (the ones with strongest RSS) for FR computations. This reduces calculation complexity to a costant value
for each node involved, and O(n) considering the whole network. This limit has been evaluated for small embedded
devices to reduce power consumption, but it can be possibly increased if the supplied devices have better processing
capabilities.
It must be also noted that calculation happens even if only one of the two nodes involved considers the other to
be important, else we may have a edge case where a far away node or node group may never get involved in forces
computation, reducing overall system reliability. In Figure 6, we can see two distinct groups of nodes, α and β.
Solid lines are well-established connections, but the β group of six nodes would never use α group nodes to evaluate
forces. Therefore, α nodes use their remaining calculation slots to do a single-sided evaluation on the dashed edges,
communicate the result to the respective β nodes which will use this information to correct and improve their position
for the next step.
Attention to calculation optimization is crucial, as we need to be able to calculate all forces in a small time frame
(below 2 seconds) to have an elastic network which rapidly changes over time oﬀering better average positioning.
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5. Model discussion
Here are some situations in which the proposed system has been evaluated.
• A vehicle v has very small inertial system error e because it used INS for a small time frame: in this case,
the RSS signals will be able to apply little-to-none force over calculated INS position. As we assume that INS
is able to correctly calculate his own error, a small e has little opportunity of ﬁxing the v vehicle position;
• A vehicle v has very large inertial system error e because it used INS for a long time: in this case, the FI
will always have rather small module, and therefore the RSS signals will be able to apply strong FR forces on v,
moving the node rapidly in the space around him. In this situation, the force balance may be found after many
iterations, and the system from the point of view of v may be unstable for some time before ﬁnding a balance;
• A vehicle v has average inertial system error e: the most common situation, the RSS induced force will ﬁnd
a balance with the inertial force allowing better positioning.
6. Conclusions and future work
In this paper we presented Vehicle-2-Vehicle Elastic Network, which allows better positioning for cars using an
inertial navigation system combined with a Vehicle2Vehicle technology. The proposed system allows error correction
using an elastic graph. On each timeframe, the graph is subject to forces coming from the INS original positioning and
from the WiFi RSS of nearby vehicles, incrementally correcting INS generated errors via information crowdsourcing.
We are conﬁdent that this method may allow better positioning in areas where GNSS systems are unable to get a
proper ﬁx, like underground areas.
Future work may include integrating more advanced indoor localization methodologies like Fingerprinting-based
Wireless Positioning Systems12, by reﬁning discovered locations via multiple DGPS methodologies13 or by ﬁnding
a better indoor positioning system in order to reduce INS initial error, allowing V2V-EN to optimize error reduction
even more.
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